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Abstract. The underreporting scenario is claimed to be the source of the 

extra zeros in traffic accident data. This leads to a latter problem in which 

the fitted statistical model may not be able to produce correct and reliable 

estimates. Understanding the root of problem as to what is the main cause of 

the underreporting scenario is essential to assist on the decision making 

process in traffic accident analysis. In this study, 200 Malaysian drivers were 

interviewed on their sentiments towards this issue. Their opinions on the 

causes of underreporting scenario are investigated then assessed using text 

analyses. First, the Latent Dirichlet Allocation text modelling is employed 

to find the underlying themes in the reasons of not reporting a traffic 

accident. Then, the polarity of the topics is measured using a lexicon based 

sentiment analysis. Results showed that majority Malaysian drivers (80.5%) 

consider that reporting a minor or non-fatality accident is not important and 

can be neglected.  The decision is due to the fact that of complicated and 

time consuming reporting process. The drivers are also asked on their 

opinion after the consequences of underreporting are informed to them. The 

polarity of their answers shifted to more positive in which 71% drivers will 

report an accident that occur in the future.  

1 Introduction 

Traffic accident analysis is vital to society and country as its impact can be huge not only 

physically but also economically. Based on the report by World Health Organization (WHO), 

there were 1.35 million road traffic deaths globally in 2016. Currently, road traffic injuries 

are estimated to be the eighth leading cause of death across all age groups globally, and are 

predicted to become the seventh leading cause of death by 2030. Hence it is essential to 

understand influencing factors and predicting future outcomes in terms of traffic accident 

frequency and severity. To achieve these objective, statistical analyses have been conducted 

by utilising the reported traffic accident data as can be found in [1-3]. As mentioned by [4-

5], the accident count data often exhibit extra zeros which requires the need of zero-

augmented models. The presence of extra zeros in accident count data is associated with the 

underreporting scenario [6-7]. The underreporting scenario is a situation in which an accident 

did happen but has not been reported. Other than dealing with the extra zeros through the 

zero-augmented models, there is also a need to enhance the integration of data in order to 
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ensure that most of the accidents are reported. In this study, we aim to explore the drivers’ 

opinion on the underreporting issue and what leads them to not reporting an accident.  

The issue of underreporting of traffic accidents have been explored before by [8-11]. The 

underreporting scenario is observed in France with the percentage of unreported accidents is 

62%. Other studies on the same issue reveal that the percentage of unreported accidents is 

relatively high such as 46% in New Zealand [10], 43.8% in Australia [11], 42.5 % in Hong 

Kong [12] and 20% in the United Kingdom [13]. Levels of severity is identified as the main 

factor influencing the accident rate as shown in [14] in a meta-analysis of 49 studies 

conducted in 13 countries. The underreporting rate is 90% for very slight injuries, 75% for 

slight injuries, 30% for serious injuries and 5% for fatal injuries.  

In Malaysia, the issue of unreported traffic accidents has been studied by [15]. In this 

study, using the police and hospital record in state of Melaka, the police reporting rate is 

found to be 4.7%. Furthermore, the matching rate between police and hospital records is 

proportional to the level of injury severity. The database system for the road traffic accidents 

in the state of Johor Bahru has been developed by [16] since there is a discrepancy in the 

police report. [17] estimate the proportion of unreported accidents in Malaysia at 58% for 

slight injuries and 54% for serious injuries. Since there is still a limited number of references 

on this issue for Malaysia data, this paper intends to estimate the proportion of unreported 

accidents in Malaysia. By finding the fitted distributions to the proportion of unreported 

accidents, perhaps a richer information can be obtained in order to shed some light to the 

actual number of accidents occurred. Furthermore, the distribution fitted to the proportion of 

unreported accidents data will help in developing a traffic accident model that include 

underreporting information perhaps to improve the estimation of the actual number of 

accidents. Another study by [18] reveals that Malays aged between 60 and 69, living in rural 

area, who are single and are motorcyclists tend not to report the accidents. 

In all of the papers mentioned above, the focus is given to the figures of the underreporting 

rate to show the seriousness of this issue. Furthermore, the accuracy and reliability of the 

statistical analyses conducted will be improved when a more complete set of data used. 

However, the reasons on why drivers are not reporting the accidents are only speculated and 

not specifically quantified through proper investigation and analysis. Hence, this paper aims 

to fill the gap by mining the opinion of Malaysian drivers towards the underreporting issue. 

With the advent of technology, unstructured data such as text can be analysed quantitatively 

as to be shown in this paper. It is vital to understand and quantitatively analysed the reasons 

of drivers are not reporting a traffic accident. Since the perception established is there is the 

need on reporting accidents only for major and fatal accidents, hence this perception needs 

to be changed. As reported by [19], near-misses and minor accidents are crucially important 

to report in order to avoid major accidents happening in future at the same location with the 

same environment. Creating awareness on reporting traffic accidents is paramount, hence 

identifying and further verifying the reasons behind the actions on not reporting accidents are 

also crucial. Although it seems that the reason of not reporting traffic accidents are known, 

however, as mentioned earlier; all of these reasons are only discussed and speculated, without 

any quantification measures and analyses. Hence, it is justified the importance of conducting 

this study. 
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2 Data & methodology 

In this section, we discuss on the data and methodology for this study. 

2.1 Data  

Data gathered in this study is based on interview sessions conducted to 200 Malaysian 

drivers. The drivers are sampled based on the stratification on their demographic profile 

which are gender, race and age, in order to match with the profile of Malaysian drivers as 

reported in Transport Statistics Malaysia (2008). Details on the stratified sampling technique 

can be found in [20]. The main difference of the text data in this study compared to other 

papers in literature is the text data in this study is extracted from interview sessions, whereas 

other text data in literature are often scraped from social media platforms or piles of written 

documents. For text data scraped from the internet, [21] suggests 500 documents are needed 

in order for the samples to be representative with 95% capture probability. On the other hand, 

since the data of this study is collected through interview sessions, a time constraint becomes 

a limitation in order to collect more data. Based on [22], past research often use data gathered 

from 20 – 30 interviews. Furthermore, the sample selection in this study is based on 

stratification of the population in which it helps on producing more representative samples 

[23]. Hence, we conclude that the answer scripts from 200 Malaysian drivers are considered 

representative samples of the target population. 

The interview session is conducted in one session per driver with duration around 15 to 

20 minutes. The drivers are recorded on their demographic background and further answer a 

series of question related to the underreporting issue. The questions projected is shown in 

Table 1. After the fourth question, the interviewer will explain on the consequences of not 

reporting an accident even though it is minor. Then, the drivers are asked on their opinion 

with now knowing on the fact of unreported accidents’ consequences.  

The interview sessions are recorded audibly and then transformed to a series of 

transcripts. These transcripts are then analysed using text mining techniques. In this study, 

we will focus on two questions only before and after the explanation on the consequences. 

The answers that will be used as data in this study are based on these questions: 

Before explanation: 

Q1  If you are involved in a minor accident, will you report the accident? 

Q2  Why? (if the driver answered ‘No’ in Q1) 

After explanation: 

      Q6  If you are involved in an accident in the future, will you report the accident? Why? 

2.2 Text analysis 

Since we are focusing on the text data which is categorized as unstructured, we discuss in 

this section several steps in text analysis including topic modelling and sentiment analysis 

2.2.1 Text data preparation 

It is a known fact that text data is unstructured, which make it is messy and tedious to manage 

compared to the structured data. The text data needs to be cleanse and prepare before the 

analysis can be conducted. Based on [24], the text data collection known as corpus. Then, the 

data is being pre-processed by transforming all words to lower case, removing punctuation, 

symbols, stop-words and numbers. Any additional white space between words are also 

stripped in this process. Stemming and tokenization are essential steps in preparing the data. 
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Through stemming, the words are reduced to its root; for example, words such as ‘teaching’, 

‘teacher’, and ‘teaches’ are all reduced to ‘teach’. Whereas, tokenization refers to splitting 

the text into a list of token, either as one word or phrases of words.   

2.2.2 Topic modelling 

The text modelling analysis is employed when we want to find the underlying themes of our 

text. The Latent Dirichlet Allocation (LDA) model is commonly used in topic modelling. As 

explained in [25], this model is probabilistic based in which each document is represented as 

a random mixture of latent topics and each topic is represented as a distribution over fixed 

set of words. In LDA, each document is considered to be constructed from a number of topics; 

and each topic has a mixture of words. Hence, the generative process of document based on 

LDA is considered hierarchical with these layers: 

1. For each document w, choose N from Poisson (𝜇). N is the number of words. 

2. Choose 𝜃 from Dirichlet distribution with parameter 𝛼. Parameter 𝜃 here represents 

the proportion of a topic in the document. 

3. For each N words in 𝑤𝑛, choose the topic, 𝑧𝑛 from a multinomial distribution with 

parameter 𝜃 as generated in 2. Also choose a word, 𝑤𝑛 from 𝑃(𝑤𝑛|𝑧𝑛 , 𝛽), a 

multinomial probability conditioned on the topic. A corpus is a collection of M 

documents, denoted by D. 

  

The probability density function for Poisson, Dirichlet and multinomial distributions are 

presented in Equations 1 – 3. 

  𝑓(𝑁|𝜇) =
𝑒−𝜇𝜇𝑥

𝑥!
                                  (1) 

  𝑑(𝜃|𝛼) =
Γ(∑ 𝛼𝑖

𝑘
𝑖=1 )

∏ Γ(𝛼𝑖)𝑘
𝑖=1

∏ 𝜃𝑖
𝛼𝑖−1𝑘

𝑖=1                     (2) 

  𝑘(𝑧1, 𝑧2, … , 𝑧𝑁|𝜃) = ∑ (𝑧𝑖)!𝑁
𝑖=1 ∏

𝜃
𝑖

𝑧𝑖

𝑧𝑖!

𝑁
𝑖=1            (3) 

Since the LDA is a 3 layers hierarchical Bayesian model, the conditional probability density 

is proportional to the product of likelihood and priors as shown in Equation 4. 

 

    𝑃(𝜃, 𝑧, 𝑤|𝛼, 𝛽) = 𝑃(𝜃|𝛼) ∏ 𝑃(𝑧𝑛|𝜃) + 𝑃(𝑤𝑛|𝑧𝑛 , 𝛽)𝑁
𝑛=1          (4) 

 

The probability of a corpus is determined by taking the product of the marginal probabilities 

of single documents, as shown in Equation 5. 

 

  𝑃(𝐷|𝛼, 𝛽) = ∏ ∫ 𝑃(𝜃𝑑|𝛼)𝑀
𝑑=1 ∏ 𝑑 ∑ 𝑃(𝑧𝑑𝑛|𝜃𝑑) + 𝑃(𝑤𝑑𝑛|𝑧𝑑𝑛 , 𝛽)𝑑𝑧𝑑𝑛

𝑁
𝑛=1 𝜃𝑑     (5) 

 

Number of topics, k is often determined first before the LDA model can be fitted to the data 

steps. There are several approaches suggested in the literature to determine the number of 

topics such as perplexity and coherence score [26]. [27] mentioned that the decision on the 

number of topics also depend on humans’ judgement to maintain the semantic meaning of 

the terms. Overall, the mixture of machine automated and human are the best way to 

determine the number of topics. 

Once the topics for each documents are identified along with the related words, the 

importance of these words to the topic can be computed, 𝛽𝑖𝑗  represents the probability of the 

ith topic containing the jth word. The estimation of parameters in this model is performed 

using Gibbs sampling in Bayesian framework. 
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2.2.3 Sentiment analysis 

Sentiment analysis is unique in a way it combines the qualitative and quantitative analysis. 

The context and sentiment in text are extracted and being quantified in this analysis. There 

are two approaches in sentiment analysis which are lexicon based and machine learning 

based. In this paper, we only focus on the lexicon based by using the ‘bing’ lexicon as can be 

found in the R package, ‘tidytext’ [28]. This lexicon is chosen due to its simplicity that 

classifies words into two categories, positive and negative. In general, the sentiment score is 

computed as the difference between the positive words count and the negative words count. 

In this paper, we perform the sentiment analysis to the bigram, which is a pair of words. 

We are not considering unigram due to the fact that misleading results can be obtained when 

the phrases contain negation word. In processing the bigram to compute the sentiment score, 

an additional step is needed in which separating the bigrams that are preceded by negation 

word such as ‘not’, ‘no’, ‘never’ and ‘without’. Then the contribution of these bigrams 

towards the score is reversed. 

3 Findings and discussion 

In this section, we present the result of the text analysis conducted to the interview data. 

3.1 The drivers and accidents profile 

As mentioned in the previous section, the data in this study is based from the interview 

session conducted on 200 Malaysian drivers. The demographic background is given in Table 

1, which is approximately similar representation of Malaysian drivers’ population. Based on 

Table 1, majority of Malaysian drivers are Malays aged 18 -25 who have 6 to 15 years of 

driving experience and have involved in at least one traffic accident. From these 200 drivers, 

859 traffic accidents are recorded. The summary statistics of the accident counts are given in 

Table 2. 

Table 1. The drivers’ profile. 

Variable Frequency (%) 

Gender Male 

              Female 

104 (52.0) 

  96 (48.0) 

Age      18-25 

          26-35 

             36-45 

             46-55 

 More than 55    

  63 (31.5)  

  46 (23.0) 

  37 (18.5) 

  29 (14.5) 

  25 (12.5) 

Race    Malay 

            Chinese 

            Indian 

            Other 

139 (69.5) 

  46 (23.0) 

  14 (7.0) 

   1 (0.5) 

Driving experience (yrs)   Less than 3 

                                          3 to 5 

                                          6 to 15 

                                        16 to 25 

                                        More than 25 

 29 (14.5) 

 13 (6.5) 

 74 (37.0) 

 36 (18.0) 

 48 (24.0) 

Accident involvement     Yes 

                                         No 

131 (65.5) 

  69 (34.5) 
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The accidents’ summary statistics in Table 2 shown that only 82.8% of the accidents are 

reported. Although the proportions of unreported accidents is quite low, around 20%, this 

figure can be higher if we look at accidents based on the severity levels as reported in [17]. 

This finding indicates the presence of unreported accidents in Malaysia. Based on Table 2, 

on average, a Malaysian driver have involved in 4 accidents. 

Table 2. The accidents’ summary statistics. 

Statistics 

Total 

number of 

accidents 

Number of 

reported 

accidents 

Minimum 0 0 

Maximum 10 9 

Mean 4.27 3.54 

Median  4 3 

Standard 

deviation 
1.47 0.94 

Total 859 712 

3.2 Reasons on why drivers are not reporting minor accidents 

In the interview conducted, the first question asked to the respondent is “If you are involved 

in a minor accident, will you report the accident?”. If the respondent answered ‘No’, then the 

interviewer asks for the reasons as the second question. The answer scripts of Question 2 are 

then analysed using topic modelling to find the underlying themes on their reasons. Then, a 

sentiment analysis is conducted to measure the polarity in the answers. Table 3 depicts the 

frequency of answers for Question 1 in which obviously we can see that 161 out of 200 

drivers won’t report a minor accident if the accident happened. This is an alarming figure as 

80.5% is a high value in which any accident needs to be reported regardless of its severity. 

Table 3. The frequency table for answers in Q1. 

Answer Frequency (%) 

Yes 39 (19.5) 

No 161 (80.5) 

 

  Next, we process the text answers from Question 2 as explained in the methodology 

section. Out of 161 drivers who answered ‘No’ for reporting minor accidents, only 148 

drivers state the reasons. For these answers, rather than tokenizing the text into a series of 

single words, we constructed bigram, which is a collection of phrases consists of two words. 

The reason of conducting text analysis on the bigram compared to unigram is in order to 

obtain more information and meaningful interpretation from the text extracted. Furthermore, 

in sentiment analysis, when the unigram is considered, there are words that separated from 

their negation, hence producing misleading results. 

 Fig. 1 displays the plot of beta to the top bigrams for each topic. Through the approaches 

explained before, the number of optimum topics is determined at three. For topic 1, phrases 
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‘insurance claim’, ‘self-manage’ and ‘solve problem’ are listed which indicates that the 

drivers are not reporting the minor accidents since there is no need lodge insurance claims 

and easier to self-managing the accidents. For the second topic, three words are 

interchangeably listed which are ‘report’, ‘process’ and ‘complicated’ which signifies that 

the complicated reporting process for traffic accidents demotivates the drivers, hence 

resulting on them not reporting the accident. The last topic consists of phrases ‘waste time’, 

‘serious damage’ and ‘complicated situation’ which shown the sentiment of the drivers 

towards reporting minor accident is quite negative with the thought that the action is just a 

waste of time. The drivers think that only accidents with serious damage are need to be 

reported. Another bigram that caught our attention is ‘unnecessarily laziness’ that seems to 

be the negative attitude and personal opinions of the drivers on the issue discussed.  

 

Fig. 1. The important bigrams for the three topics in Q2. 

We then proceed by computing the sentiment score based on top 100 bigrams in each topic. 

Table 4 summarizes the sentiment score in which all topics are relatively negative and most 

answers are categorized in the first topic which is ‘Only report for accidents to lodge 

insurance claims’. The least negative topic is the first one with the second and third topics 

have approximately the same score. 

Table 4. Summary statistics on the sentiment score for each topic in Q2. 

 
No of 

documents 

Total 

score 

Average 

score 

Topic 1 59 -24 -0.407 

Topic 2 46 -34 -0.739 

Topic 3 43 -33 -0.603 
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3.3 Will the drivers report an accident in future? 

In this section, the drivers have been explained with the consequences of not reporting traffic 

accidents. With now being an informed driver in the underreporting scenario, the drivers are 

then asked ‘If you are involved in an accident in future, will you report the accident’. Table 

5 gives a quick look on the answer in which we can see tremendous changes towards 

positivity compared to Table 3, with now 71% of the drivers will report the accidents.  

Table 5. The frequency table for Q6 answers. 

Answer Frequency (%) 

Yes 142 (71) 

No   42 (21) 

Depends on severity 16 (8) 

 

Similar with the previous section, we conduct the topic modelling and sentiment analyses 

to the answer scripts on reasons why the drivers will report an accident in the future. Fig. 2 

exhibits the word cloud from two-topics LDA model fitted to the data set. Judging from the 

word cloud, we can see that two main themes in the answers are related to ‘insurance claims’ 

and ‘safety’. The first topic conveys the information that the drivers will report the accident 

in order to claim for the insurance. Other than that, the drivers figure that the action of 

reporting accidents is needed in order to avoid similar risk in future. For the second topic, we 

can observe that the drivers are more aware on the issue and know that the reporting action 

is essential for safety purposes. It is also worth to point out that ‘other’ is also one of the 

words with high frequency signifying that the drivers are care for others’ safety not just 

themselves.  

 
Fig. 2. The word clouds for two topics in Q6. 

We then compute the sentiment score for each topic and the results are summarized in 

Table 6. By examining the scores in detail, we can conclude that Topic 2 is more positive 

since the theme is about ‘safety of others’; however the number of documents categorized in 

the first topic is higher. Hence, this finding indicates that majority of the drivers will report 

the accidents in the future for the purpose of insurance claim. 
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Table 6. Summary statistics on the sentiment scores for each topic in Q6. 

 
No of 

documents 

Total 

score 

Average 

score 

Topic 1 96 40 0.417 

Topic 2 42 22 0.524 

4 Conclusions 

This paper looks into the causes of underreporting scenario in Malaysia. Malaysian drivers 

are interviewed to mine their opinion on the issue. Through the session conducted, the drivers 

are also informed on the negative consequences of not reporting the accidents occurred 

towards the accuracy and reliability of traffic accident statistical analyses. Response by the 

drivers are analysed using topic modelling and sentiment analyses. Results reveal that 

majority drivers won’t report a minor accident due to three main factors: cannot file insurance 

claim, complicated reporting process and waste of time. Out of these three factors, most 

drivers associated with the ‘insurance claim’ factor, however ‘complicated reporting process’ 

have most negative score in terms of the sentiment. This finding indicates that the traffic 

accident reporting process needs to be improve in order to encourage the drivers to report an 

accident. 

After the drivers are explained with the consequences of underreporting scenario, they 

have been asked whether they will report an accident in the future. From this results, the 

polarity of the drivers’ opinion can be seen shifted towards positivity. Two main reasons for 

this change are ‘to lodge insurance claim’ and ‘safety’. Although more drivers’ response are 

classified into the ‘insurance claim’ topic compared to ‘safety’; the sentiment scores for the 

second topic is higher. Perhaps, with now being an informed driver, the drivers that 

participated in this interview session will take action to become more responsible and 

reporting an accident regardless of the severity level. 

There are more to be done in this area. Further analysis can be performed using other 

lexicons or machine learning based sentiment analysis. Then, the accuracy of these 

approaches can be compared. The data mining process also can be extended by collecting 

information from more drivers through social media or any other online platforms. Educating 

drivers on their role and regulation on the issue of traffic accident especially the 

underreporting should be a continuous effort. 

 
The author would like to acknowledge Universiti Kebangsaan Malaysia for sponsoring this project 

under the Research University Grant Scheme (GUP-2018-011).  
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